Objectives: The aim of this study was to test the ability of a commercially available natural language processing (NLP) tool to accurately extract examination quality-related and large polyp information from colonoscopy reports with varying report formats.
BACKGROUND
Colonoscopy is a common screening modality for colorectal cancer (CRC) in the United States. 1 Although observational studies have shown that colonoscopy screening is associated with lower CRC incidence and mortality, [2] [3] [4] recent studies have reported that colonoscopy quality (eg, physician adenoma detection rate) is associated with screening effectiveness. [5] [6] [7] Accordingly, multiple national gastroenterology societies have published quality indicators to improve colonoscopy performance, [8] [9] [10] including the physician adenoma detection rate, cecal intubation rate, and bowel preparation quality. [8] [9] [10] However, the information needed to assess colonoscopy examination quality is often embedded in unstructured colonoscopy procedure reports of varying formats within health records, requiring time-consuming and costly manual data abstraction for accurate reporting.
Natural language processing (NLP) is a method for electronically analyzing and extracting information from unstructured free text (ie, endoscopy procedure reports) that offers an efficient alternative to manual data abstraction. [11] [12] [13] However, most NLP tools to date evaluating colonoscopy reports have been locally developed, require extensive and costly programming efforts, and have limited applicability to diverse health care settings. [14] [15] [16] [17] [18] This study sought to test a commercially available NLP tool that offers the potential for broader utilization and adoption. The primary aim was to test this NLP tool's ability to accurately extract colonoscopy examination quality-related and polyp information from colonoscopy reports derived from multiple community-based medical centers with varying reporting formats, and to compare the findings to manual review of colonoscopy reports.
MATERIALS AND METHODS

Study Setting
This cross-sectional study was conducted among members of Kaiser Permanente Northern California (KPNC), which is an integrated health care delivery organization that serves over 3.9 million members across 21 medical centers and hospitals in urban, suburban, and semirural regions within a large geographic area. 19, 20 Although part of a single health care delivery network, each medical center has substantial autonomy, including different endoscopic reporting methods between medical centers and over time, providing substantial variety in colonoscopy report formats for study. This research was approved by the KPNC Institutional Review Board.
Data Sources
KPNC utilizes the EPIC platform (Epic Systems Corp, Verona, WI) for electronic health records; this platform is estimated to cover approximately half of the population in the United States. 21 All admission notes, history and physicals, progress notes, consult notes, endoscopy reports, and pathology reports are stored in the EPIC platform as unstructured text. For this study, we used colonoscopy reports within EPIC as source documents for colonoscopy quality information. Colonoscopy and endoscopy reports across all 21 medical centers at KPNC are manually generated within EPIC's electronic health record system by free text, dictation, or using medical center-specific or physicianspecific templates; these reports are stored into EPIC in a similar format as progress notes and are also available in Extensible Markup Language (XML) format, a standardized encoding language, which is both machine and humanreadable. In this study, we obtained colonoscopy reports in different formats reflecting the multiple medical centers within KPNC and format changes over time (Supplemental Fig. 1 , Supplemental Digital Content 1, http://links.lww. com/JCG/A360): some were dictated, others were typed in free text, and still others were created using standardized templates (eg, via notewriter in EPIC), which were frequently supplemented by free text or phrases specific to each physician's preference. No colonoscopy report type used fixed text fields amenable to direct data extraction from an associated relational database. Colonoscopic adenoma detection (from the pathology database) was ascertained using the Cerner CoPathPlus platform (Cerner Corp., Kansas City, KS) and Systematized Nomenclature of Medicine (SNOMED) coding. All pathology reports from each colonoscopy procedure were stored in the pathology database; colorectal "T" location codes were used to identify colon segment and "M" pathology codes to identify polyp/tissue histology (eg, tubular adenoma, tubulovillous adenoma, and adenocarcinoma).
Variables From Colonoscopy Reports and Derived Variables
The colonoscopy examination quality-related measures of interest included variables present within colonoscopy reports and derived variables ( Table 1 ). The following colonoscopy report variables were selected because they are recommended by national guidelines for assessing colonoscopy examination quality: examination indication (screening vs. nonscreening); extent of examination (cecal intubation); bowel preparation quality (adequate or inadequate); family history of CRC (first-degree relative with CRC and first-degree relative's age at CRC diagnosis); presence of polyp(s) ≥ 10 mm (based on the clinician's endoscopic assessment); and location of polyp(s) ≥ 10 mm. 9, 10 These variables were used to calculate the following derived colonoscopy quality metrics: adenoma detection rate (the percentage of screening colonoscopies in which ≥ 1 adenomas were detected); cecal intubation rate (the percentage of total colonoscopies in which the colonoscope reached either the cecum or terminal ileum); and adequate bowel preparation rate (the percentage of total colonoscopies in which the bowel preparation was excellent, good, satisfactory, or adequate).
Colonoscopy Reports for Development and Validation of NLP Query Strategies
A total of 800 randomly selected colonoscopy reports from 2010 through 2015 were used for the development and validation of NLP query strategies. The sample size was selected out of convenience and is similar to prior studies evaluating NLP's performance for colonoscopy-related variables. 13, 15, 16, 18 A total of 500 charts were used for the development of NLP query strategies and 300 separate charts were used for testing purposes.
Development of NLP Query Strategies
For NLP query strategy development, a board-certified gastroenterologist (J.K.L.) manually reviewed the training set of 500 colonoscopy reports and ascertained the variables of interest (Table 1) . By reading multiple colonoscopy reports, the reviewer (J.K.L.) assembled a collection of term and phrase variations that were relevant to the variables of interest (Table 1 ). Terms and phrases of the variables of interest were then augmented by deriving synonyms, permutations, and abbreviations. For example, we added "colon ca" or "crc" as an abbreviation of "colon cancer" and added "cancer [of the] colon" as a permutation. Once the collection of all possible terms and phrases of the variables of interest were complete, the reviewer (J.K.L.) then programmed query strategies to flag the presence of these terms and phrases in the source colonoscopy reports using a commercially available NLP software (Linguamatics I2E, www.linguamatics.com; United Kingdom). The NLP tool's basic processing steps include parsing the colonoscopy report text into sentences, words, and sections, and then identifying key concepts by matching the text against clinical vocabularies (ie, terms and phrases). 22 Programming the NLP query strategy was an iterative process informed by theory, experimentation, logic, and domain knowledge. Query strategies were programmed to incorporate focused negation so phrases such as "no family history of CRC" and "no fhx crc" would not be assigned as positive responses. Discrepancies in findings between use of the NLP query strategies and manual review of the 500 colonoscopy reports were investigated through error analysis and query strategies were then refined to reduce errors. Iterative development continued until the performance of the NLP tool reached a high level of accuracy. The total amount of time spent reviewing the 500 colonoscopy reports, assembling phrases and terms that suggested the variables of interest from the colonoscopy reports, programming query strategies to capture the variables of interest using the NLP software, and refining the query strategies before validation was approximately 1 month.
Validation of NLP Query Strategies
The final query strategies were tested against a separate set of 300 colonoscopy reports that served as the reference standard for validation purposes. Two medical chart reviewers: 1 trained medical record abstractor, and 1 coauthor (C.D.J.), without any knowledge of the NLP query strategies, independently manually reviewed each colonoscopy report and recorded the presence/absence of each variable of interest (Table 1) . A total of 12 discrepancies between the 2 medical chart reviewers were resolved by an additional manual review with agreement by consensus (Supplemental Table 1 , Supplemental Digital Content 2, http://links.lww.com/JCG/A361).
Statistical Analysis
Descriptive statistics were used to characterize the 300 colonoscopy patients in the validation sample. We evaluated the NLP tool's sensitivity, specificity, positive predictive value (PPV), and accuracy for identifying the variables in Table 1 
RESULTS
Patient Characteristics
The descriptive characteristics of the 300 colonoscopy patients in the validation sample are shown in Table 2 . Mean age ( ± SD) was 62.8 ± 8.6 years (range: 50 to 85 y), 51.0% of patients were female, 58.7% were white, and 54.7% had a Charlson comorbidity score of 0. Of the 300 colonoscopy reports, 77 (25.7%) were screening examinations; 282 (94.0%) reached the cecum; 237 (79.0%) had an adequate bowel preparation; 28 (9.3%) had a family history of CRC; 16 (5.3%) reported a first-degree relative with CRC and 14 (4.7%) reported the age of the first-degree relative with CRC; 21 (7.0%) had at least 1 polyp ≥ 10 mm; and 20 (6.7%) reported the location of polyp(s) ≥ 10 mm.
NLP Performance
NLP performed well in comparison to the reference standard (Table 3) . For example, PPV across all 8 variables ranged from 90.6% to 100%, sensitivity ranged from 78.6% to 100%, specificity ranged from 96.4% to 100%, and accuracy ranged from 89.3% to 100%. For screening indication, sensitivity was 100% [95% confidence interval (CI), 95.3%-100%], PPV was 90.6% (95% CI, 82.3%-95.8%), and accuracy was 98.2% (95% CI, 97.0%-99.4%). For cecal intubation, sensitivity was 99.6% (95% CI, 98.0%-100%), PPV was 100% (95% CI, 98.5%-100%), and accuracy was 99.8% (95% CI, 99.5%-100%). For adequate bowel preparation quality, sensitivity was 100% (95% CI, 98.5%-100%), PPV was 100% (95% CI, 98.5%-100%), and accuracy was 100% (95% CI, 100%-100%). For polyp(s) ≥ 10 mm, sensitivity was 90.5% (95% CI, 69.6%-98.8%), PPV was 100% (95% CI, 82.4%-100%), and accuracy was 95.2% (95% CI, 88.8%-100%) ( Table 3 ).
Colonoscopy Quality Reporting by Method
Manual review, which consisted of medical record reviewers ascertaining key information (eg, bowel preparation quality, examination extent, screening indication) from each colonoscopy report from the validation set and linking it to their respective pathology results, yielded an adenoma detection rate of 26% (95% CI, 17.3%-37.0%), cecal intubation rate of 94% (95% CI, 90.7%-96.2%), and an adequate bowel preparation rate of 79% (95% CI, 74.0%-83.3%) (Fig. 1) . By comparison, NLP data abstraction of screening indication from each colonoscopy report in the validation set combined with linkage to their respective pathology 
NLP Error Analysis
Although the NLP tool achieved a high degree of accuracy for key findings within colonoscopy reports, examples where the NLP tool failed to correctly identify the target data element are shown in Supplemental Table 2 (Supplemental Digital Content 2, http://links.lww.com/JCG/ A361). Most of these cases were related to the (a) disparate phrasing and abbreviations of the data elements, and (b) lack of refinement in word distances and negation terms around the data elements.
DISCUSSION
Colonoscopy is a common screening modality for CRC, 1 and growing evidence suggests that examination quality may impact its effectiveness in reducing CRC incidence and mortality. [2] [3] [4] In 2015, the American Society of Gastrointestinal Endoscopy and the American College of Gastroenterology published a list of 15 quality indicators to improve colonoscopy safety and performance. 9, 10 However, key elements for assessing colonoscopy examination quality are difficult to extract because they are often embedded as unstructured text within health records, limiting the ability to report, monitor, and ultimately improve colonoscopy quality. In our study, we demonstrated that, compared with a validated manual review of colonoscopy reports, a commercially available NLP tool yielded high levels of PPV, sensitivity, specificity, and accuracy for 8 colonoscopy quality-related variables of interest. The NLP tool also yielded 3 derived measures of colonoscopy quality that were either identical or very close to those obtained by manual review, suggesting that NLP-based derived measures of colonoscopy quality may be sufficiently accurate for quality reporting. These findings have important implications for quality reporting given that millions of colonoscopies are performed annually (∼14.2 million in 2002). 1 To date, only a few studies have evaluated the role of NLP in extracting information from colonoscopy reports for assessing examination quality. 14, [16] [17] [18] Harkema and colleagues developed a Java-based NLP tool to extract 21 variables (eg, examination indication, examination extent, bowel preparation quality) from colonoscopy and linked pathology reports, and found an average accuracy over all the variables of 89% (range: 62% to 100%) compared with manual review. 14 Gawron et al 18 also used a Java-based NLP tool and reported a PPV of 96% for screening examinations, 98% for completeness of colonoscopy, 98% for adequate bowel preparation quality, and 95% for histology of polyp as compared with manual review. More recently, Raju and colleagues developed an NLP tool using C# programming language and reported an accuracy of 91.3% for identifying screening examinations and 99.4% for adenoma diagnosis from colonoscopy reports and their associated pathology reports, as compared with manual record review; also overall adenoma detection rates by NLP and manual review methods were identical. 17 Although these locally developed NLP tools were accurate for identifying key information from colonoscopy and/or pathology reports, several limitations minimized the applicability of these tools to other settings, including the need for expert programming support for installation and customization; their development and validation at a single center, thus limiting variation in colonoscopy report formats; and use of colonoscopy reports derived from highly structured template-driven software systems (eg, Pentax EndoPro, ProVation), which limit linguistic variation. In contrast, the commercially available NLP tool used in this study required no programming background and was adaptable to multiple colonoscopy report formats, including text-based reports. In addition, it has a unique plug-and-play feature where programmed query strategies can be distributed electronically (eg, via email), resulting in faster deployment and easier adoption to other settings. In our study, the calculation of adenoma detection rates, cecal intubation rates, and adequate bowel preparation percentages based on NLP findings were similar to calculations derived from manual review of colonoscopy reports. Thus, NLP may offer a degree of accuracy for colonoscopy quality reporting that is comparable to manual data abstraction, which itself is not without the possibility of error. In a multicenter Veteran Affairs study, board-certified gastroenterologists made incorrect assignments for colonoscopy findings during manual abstraction at a rate similar to NLP (21.1% vs. 25.4%, respectively, P = 0.07). 16 More recently, Raju et al 17 reported that manual abstraction had an error rate of 12.2% and 1.7% for assigning screening status and adenoma diagnosis, respectively. In our study, discordant findings were reported between the 2 independent manual record reviewers for 12 of 300 (4.0%) colonoscopy reports. Several factors may contribute to manual abstraction errors including lack of abstractor familiarity with medical/procedure terminology or the abstraction tool, fatigue, incomplete access to charts, and inadequate time for abstraction. 23 In our case, nearly all the errors by the 2 reviewers were either due to overlooking information during manual review or incorrectly entering the data elements of interest.
Information on family history of CRC is critical to initiating screening in high-risk populations, but such information is often embedded in unstructured text within progress notes and colonoscopy reports, making it difficult to ascertain. NLP in the current study had a high sensitivity (89.3% to 100%) and PPV (100%) for identifying family history of CRC and first-degree relatives with CRC from colonoscopy reports; however, the tool was less sensitive (78.6%) in identifying the affected relative's age of CRC diagnosis, due to lack of refinement in the query strategy to detect certain phrase variations of affected relative's age of CRC diagnosis, a limitation that is relatively easy to remedy. Friedlin and McDonald 24 reported their Java-based NLP tool identified family history information for 12 disease diagnoses (including CRC) from hospital admission notes with an overall sensitivity and PPV of 96% and 97%, respectively. Recently, Harkema et al's 13 Java-based NLP tool identified family history of CRC from colonoscopy reports with a sensitivity and PPV of 96% and 86%, respectively. Despite similar performance characteristics for identifying the presence of family history of CRC compared with our study, both NLP tools 13, 24 were not programmed to identify the affected family member with CRC or age of onset, critical elements needed for health care systems to optimize the screening and surveillance process for high-risk individuals.
Our study has several strengths. First, we utilized separate sets of randomly selected colonoscopy reports for developing query strategies and subsequently testing the NLP strategies. We also utilized 2 independent medical record abstractors blinded to the NLP query strategies, and performed an additional manual review to resolve discrepancies in the creation of a validated reference standard. We were able to sample colonoscopy reports from a large number of medical centers within the health care system, which increased the variation in report formats, local terms, and phrases. The NLP software used in the study is commercially available and did not require prior programming experience for query development, which may ease dissemination and adoption of the tool in other settings. Also, although query strategies were built within the tool's software package, potentially presenting barriers to dissemination, we designed the query framework to be easily exported to other users of this tool or adaptable to other NLP tools to foster future open-source availability.
There are also several limitations to the study that should be considered. Evaluation of the NLP tool was limited to a single health care system and the findings should be replicated in other health care settings (eg, academic or safety-net health care systems). The tool requires machinereadable clinical text and does not work with print or scanned documents. The tool relied on physician reporting of cecal intubation and bowel preparation quality rather than photograph-documentation. Also, in the calculation of adenoma detection rates, the tool only identified screening indication from colonoscopy reports; the presence of an adenoma associated with a screening colonoscopy was obtained electronically from our KPNC pathology database and did not involve NLP abstraction. At KPNC, all adenomas submitted to pathology from each colonoscopy examination are electronically coded using SNOMED, which is linked to the patient's medical record number. Last, only 21 of 300 (7%) colonoscopy examinations from our validation set had a polyp ≥ 10 mm in size, which limited the precision of the NLP tool to identify this specific variable.
In summary, we found that a commercially available NLP tool was highly accurate in identifying key information from colonoscopy reports related to examination quality and polyp findings across multiple medical centers with different report formats. This automated method may allow for large numbers of colonoscopy reports to be quickly processed, facilitating the assessment of colonoscopy quality at the level of individual physicians, group providers, and hospitals. If validated in other health care settings or compared against other tools, this NLP tool has the potential to reduce the costs and burden associated with reporting quality metrics.
